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Abstract

The development of automated vehicles is ongoing at a breakneck pace. The human factors
challenges of designing safe automation systems are critical as the first several generations of
automated vehicles are expected to be semi-autonomous, requiring frequent transfers of
control between the driver and vehicle. A driving simulator study was performed with 20
participants to study transfers of control in highly automated vehicles. We observed driver
performance and measured comfort as an indicator of the development of trust in the system.
One study drive used an automation system that was able to respond to most events by
slowing or changing lanes on its own. The other study drive issued takeover requests (TORs) in
all cases. Thus there was a change in reliability over the course of the study drives; some
participants experienced the more-capable system first followed by the other, and others had
the opposite experience. We observed three types of people with respect to their comfort
profiles over the course of their three drives. Some started out very comfortable, while others
took a long time to become comfortable. Takeovers were split into physical takeover, visual
attention, and vehicle stabilization. Response time and performance measures showed that
there was a 15- to 25-second period between the physical takeover and a return to normal
driving performance. This confirms some observations in previous studies on transfer of
control.

viii
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1 Introduction

1.1 Background
Automated vehicles are under active development by many auto manufacturers as

well as other companies, such as Google. The projected benefits of automated vehicles
are many and varied, but so are the concerns over their technical limitations, legal
barriers, and human factors challenges. The National Highway Traffic Safety
Administration (NHTSA) has become interested in automated vehicles and has published
a position paper recommending that, for now, states only allow testing of high-level
automation [1]. However, they are expected to issue further guidance as soon as 2017.
NHTSA and the Society of Automotive Engineers (SAE) have published levels-of-
automation taxonomies that provide a common language for automation systems [2].

This study was primarily concerned with automation level 3, termed conditional
automation by SAE, in which the vehicle takes both longitudinal and lateral control.
Whereas level 2 automation requires the operator to supervise the automation and
scan the roadway for hazards, level 3 allows the operator to engage in other tasks,
provided they can become available to take over again should the system request it.
Level 4 SAE systems would provide a fallback strategy so that the vehicle might slow
down and pull over if the operator does not take over in a timely manner. Both level 2
and level 3 raise concerns about how much the driver is out of the loop and how quickly
they can regain situational awareness (SA) to effectively drive again.

Transfer of control is a complex topic given the number of possible scenarios.
Consider a breakdown of control transfer by direction of transfer and expectation of
transfer. Then a matrix of conditions can be constructed like the one in Table 1.1.
Expected transfers to higher automation have commonly been initiated by a simple
button press. Expected transfers to lower automation are often initiated by the driver
turning the steering wheel or pressing a pedal, just like disengaging from cruise control.
Unexpected transfers to higher levels of automation are exemplified by the intervention
of collision avoidance systems. Finally, unexpected transfers to lower automation may
occur because the automation failed in some way, or a situation was encountered that
was beyond the automation’s performance limitations. While the optimal user interface
for expected transfers may not be known, the greatest unknown for manufacturers and
regulators is this lower right quadrant. This project was focused on a combination of
expected and unexpected transfers from conditional automation to manual control. We
did not consider automation failures in the sense that the vehicle fails to request a
takeover. Rather, our study implemented TORs in several types of events as a study
condition.

Table 1.1 - Transfer of control examples under various conditions.

Button press Collision avoidance
Grab wheel Automation failure

Bainbridge pointed out that humans are challenged when performing under time
pressure and that when automation takes over the easy tasks from an operator, difficult
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tasks may become even more difficult [3]. Stanton and Marsden highlighted several
potential problems that could plague automated vehicles, specifically while reclaiming
control from automation. These include over-reliance, misuse, confusion, reliability
problems, skills maintenance, error-inducing designs, and shortfalls in expected benefits
[4, 5]. The lack of situational awareness that occurs when a driver has dropped out of
the control loop has been studied for some time in several different contexts [6, 7, 8].

More recently, it has been shown that drivers had significantly longer reaction times
in responding to a critical event when they were in automation and required to
intercede, compared to when they were driving manually [9]. A slightly more nuanced
result showed that performance in responding to a critical event was similar in the
absence of a secondary task, but worse when automated and distracted [10]. More
recent data suggest that drivers may take around 15 seconds to regain control from a
high level of automation and up to 40 seconds to completely stabilize the vehicle control
[11].

Takeover requests are issued by the automation to let the operator know that they
should take back manual control of the dynamic driving task (DDT). The appropriate
timing of such TORs has been a topic of research. Takeover request timings of five and
seven seconds ahead of encountering an obstacle in the road were tested in a driving
simulator [12]. While it was possible for drivers to take over in only a couple of seconds
in both conditions, there were more braking responses and less time to check their blind
spots in the five-second timing condition. Some of the extra time in the seven-second
condition was used for decision-making and was valuable for avoiding sudden braking
responses.

A NHTSA-funded test track study used both imminent and staged TORs, where the
imminent TOR was issued once with an external threat and once without [13]. The
staged alert had four phases as follows: 1) a tone followed by an informational message,
2) a verbal alert with a cautionary message, 3) a repeated tone in addition to an orange
visual alert, and 4) a repeated imminent tone with a red alert. The visual components
were text messages with associated colors to indicate urgency. The four messages were
the following:

1) Prepare for manual control

2) Please turn off autodrive

3) Turn off autodrive now (orange)
4) Turn off autodrive now (red)

The average response time to an imminent alert was 2.3 seconds without an
external threat and 2.1 seconds with it. The average response time to the staged alert
was 17 seconds, which may have been partly due to a countdown that accompanied the
informational warning.

A driver’s trust in automation greatly influences whether that automation is used
appropriately, misused, or disused. Trust should be calibrated appropriately so that a
driver does not over- or under-trust an automated system [14]. Lee and See [14]
proposed a closed-loop conceptual model of a dynamic process that governs trust,
recognizing that trust might be considered as a function over time that can rise and fall.

Drivers start out with beliefs that can greatly influence their trust; however, it is
their attitudes and how they translate into behaviors that should be considered [14].
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Unfortunately, when observing behaviors, it is possible to confuse the effect of trust
with effects from other causal factors like SA or self-confidence. In one study, drivers did
show a willingness to disengage from the supervision task and engage more with
entertainment devices, showing a degree of system trust [15]. However, they also paid a
greater amount of attention to the road in heavy traffic, showing that their trust was
not absolute.

Trust and comfort are correlated constructs that are both important for human-
robot interaction [16, 17]. Indeed, it is hard to imagine the development of trust without
some degree of comfort being present. Sanders et al. identified four factors of trust:
performance, reliance, individual differences, and collaboration. Another breakdown of
trust included the following factors: predictability, dependability, faith, and overall trust
[18, 19].

A series of driving simulator studies on adaptive cruise control done with and
without motion showed similar results, and the authors concluded that motion may
therefore not be necessary [20]. However, most recent driving simulation studies in
vehicle automation have used higher-fidelity systems with motion bases. It seems
reasonable that the ‘feel’ of the car from a simulator’s motion cues is critical to a driver
who may be completely visually disengaged from the driving task, as is the case in high
automation levels. This study used the NADS-1 high-fidelity motion base simulator.

1.2 Objectives
The study was designed to address the following research questions:

1. To what degree do drivers trust the automation?

2. Does less-capable automation decrease trust, and how does reliability influence

trust in automation?

3. When do drivers choose to begin an expected transfer of control, and how long

does it take?

4. After manual takeovers, how long does it take for the driver to return control to

the automation?

5. How long does an unexpected transfer of control take, including vehicle

stabilization?

6. Does the act of transferring control have any performance decrements

associated with it?

7. Are there differences between gender and age groups in trust or driving

performance?

Our aim was to validate previous results on the length of time required for a transfer
to manual control and vehicle stabilization. Additionally, results from unexpected
transfers would shed light on drivers’ capacities to quickly and accurately take over
manual control. It was expected that there would be decrements to the quality of the
transfer due to the need to regain SA while at the same time assuming vehicle control.
Finally, it was also expected that automation failures would damage the driver’s trust in
the system and that the effects of that reduced trust might be observed in subsequent
driving and takeover choices.
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2 Methodology

2.1 Simulator and Apparatus

The National Advanced Driving Simulator (NADS) is located at the University of
lowa’s Research Park. The main simulator, the NADS-1, consists of a 24-foot dome in
which an entire car cab is mounted. All participants drove the same vehicle—a 1996
Malibu sedan. The motion system, on which the dome sits, provides 400 square meters
of horizontal and longitudinal travel and £330 degrees of rotation. The driver feels
acceleration, braking, and steering cues much as if he or she were actually driving a real
vehicle. High-frequency road vibrations up to 40 Hz are reproduced from vibration
actuators placed in each wheel well of the cab. A picture of the NADS-1 simulator and an
image from the interior of the dome are shown in Figure 2.1.

The NADS-1 displays graphics by using 16 high-definition (1920x1200) LED (light-
emitting diode) projectors. These projectors provide a 360-degree horizontal, 40-degree
field of view. The visual system also features a custom-built Image Generator (IG)
system that is capable of generating graphics for 20 channels (16 for the dome and an
additional 4 for task-specific displays). The IG performs warping and blending of the
image to remove seams between projector images and displays scenery properly on the
interior wall of the dome. The NADS produces a thorough record of vehicle state (e.g.,
lane position) and driver inputs (e.g., steering wheel position), sampled at 240 Hz.

The cab is equipped with a Face Lab™ 5.0 eye-tracking system that is mounted on
the dash in front of the driver’s seat above the steering wheel. In the best-case scenario,
where the head is motionless and both eyes are visible, a fixated gaze may be measured
with an error of about 22. With the worst-case head pose, accuracy is estimated to be
about 52. The eye tracker samples at a rate of 60 Hz.

Daq:4786356 Lane:1.0838 MPH:64.0 AP:0.266 BP:0.237

Figure 2.1 - NADS-1 dr‘iving siulator (left) with a driving scene inside the dome
(right).

2.2 Driving Scenarios

Two driving scenarios, requiring approximately 30 minutes each to complete, were
designed with the same set of events, and a seven-minute practice drive was created.
The study drives involved typical vehicle control in a variety of situations. Once the
driver achieved highway speed, he or she was instructed to engage the automation by
pressing a button on the steering wheel. One scenario implemented automation that
was capable of handling most events on its own. The other scenario included the same
events but with automation-initiated TORs where the driver needed to intervene to
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maintain safe control of the vehicle. Thus, each participant experienced a change in
system reliability during his or her visit. Some drove the more-capable automation and
then the less-capable automation, and others did the opposite.

The practice drive scenario served to adapt participants to driving in the simulator,
as well as exposing them to automation control transfers and TORs. All five events
existed in both study drives, but in different orders and with different automation
capabilities. Moreover, the locations of the events as well as the starting and ending
locations of the drives were also varied to minimize predictability. Towards the end of
each drive, a normal, manual takeover request took place before a scheduled exit off
the highway. The five main events are summarized in Table 2.1.

Table 2.1 — Scenario events in drives A and B with varying takeover request (TOR)
timing.

Event More Capable Less Capable Notes

#1 No TOR TOR with 10- Warning occurs about 15
Work zone second warning seconds ahead of the work
zone. Traffic in left lane.

#2 No TOR TOR with 10- Warning occurs when
Missing second warning lane lines are lost.
lane lines

No TOR TOR with 10- Elevated ramp with
second warning walls.

#4 TOR with 10- TOR with 5- Lead vehicle driving at 25
SVAEER RS second warning second warning mph with hazards on. Traffic
vehicle in left lane.

TOR with 30- TOR with 30- Always the last event of
second warning second warning the drive. No difference

between A and B.

Finally, there were extra events interspersed between the study events. In these
extra events, a lead vehicle would slow from the speed limit to 55 mph for a period of
time, forcing the automation to slow the participant’s vehicle as well. After a short time,
the lead vehicle sped back up to the speed limit. These events served as brief
disturbances that would draw the operator’s attention and provide experiences in which
the automation behaved as desired with no loss of capability. It was expected that these
extra events would help to build trust.

2.3 Automation Icon and Takeover Requests
Automated driving was indicated by a visual icon on a high heads-up display.
Takeover requests were composed of both visual and audio cues. Visual cues appeared
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on the same display. When the driver needed to transfer control, a chime sound played
with the appearance of a visual sign saying to either turn on or off the automation.
Depending on each event and scenario, a TOR took place either 5, 10, or 30 seconds
prior to the event. If the driver did not transfer control from automated to manual in
some set interval after the TOR fired, the automation system slowed the vehicle down
and pulled over to the side of the highway. This fallback strategy is characteristic of SAE
Level 4 automation, though participants were not trained on it ahead of time. All four
possible display icons are shown in Figure 2.2.

(d)
Figure 2.2 — Automation interface in high heads-up display location: (a)
automated-mode icon in blue, (b) informational warning in white, (c) cautionary alert
in yellow, (d) imminent alert in red.

2.4 Secondary Tasks

Participants were asked to work on trivia questions from Trivia Plaza
(www.triviaplaza.com) as a secondary task while the vehicle was under automated
control during both drives to mimic distraction associated with engagement with non-
driving tasks that may occur when the driver is in a supervisory control mode. Trivia
Plaza is a website that offers numerous sets of questions in nine major categories (see
Figure 2.3). Within each category, there are many subcategories (e.g., subcategories of
“Movie” include various time periods, genres, production companies, etc.). An iPad was
given to each participant for the duration of the drives to allow access to the website. In
order to encourage participants to be actively involved in trivia, they were told to pick
any topic(s) that they were interested in and that any participant who reached a
cumulative score of 100 or higher would receive a bonus compensation of $15.
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Participants could play multiple times to reach the given score. In reality, the bonus
compensation was a deception, and all subjects received the $15 extra.

Triviop|ozo Movie > General > Acting Family Members

What is the name of director
Ridley Scott's brother who also
directed movies like Top Gun
and Crimson Tide?

Jerry Scott Christopher Scott

Mickey Scott Tony Scott

Figure 2.3 — Example screen from Trivia Plaza (www.triviaplaza.com).

2.5 Experimental Design

A 2 (drive) x 2 (age) x 2 (gender) mixed design was used for this study. The within-
subject independent variable was the automation capability (more capable, less
capable). The between-subject independent variables were gender (male, female) and
age (18 - 25, 25 - 55). The age variable was blocked by using the minimization method to
balance out the number of participants in each group.

2.6 Participants
A total of 20 participants that were on the NADS IRB-approved registry were

recruited and enrolled in this study. They were contacted by email or phone and were
provided a general overview of the study and screened to verify eligibility. The
inclusion/exclusion criteria included questions about driving qualifications, health
history, current health status, and medications. Answers from the NADS screening
procedures were not recorded. Participants were licensed adults between the ages of
18 and 55 with at least three years of driving experience with a minimum of 2000 miles
and were in good general health. Participants were paid $65 for completing both drives
and were asked to avoid consuming alcohol or other drugs not prescribed by a physician
in the 24 hours preceding their visit.

2.7 Procedure

When the participants arrived, members of the research team explained and
reviewed the study with them. The participants were asked to provide informed consent
to their participation. Participants were then provided with a general survey on their
trust of technology and a general demographics survey followed by a presentation on
the automated vehicle they would be driving and general simulator procedures.
Participants were then escorted to the simulator where they were provided a brief
overview of the cab layout and then allowed to adjust the seat, steering wheel, and
mirrors. The eye tracker was then calibrated for the participant. Each participant was
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given approximately seven minutes of practice driving in both manual and automated
modes to have an opportunity to become familiar with the control of the vehicle.

The participants were randomly assigned to two groups. One group drove the
scenario with more-capable automation followed by the other scenario, while the other
group drove the scenarios in the reverse order. Participants were asked to work on the
same unlimited levels of trivia questions from Trivia Plaza while under automated
control, but they were responsible for the overall safety of the drive. Participants could
stop playing trivia whenever the control transferred to manual, as well as whenever
they did not feel safe or comfortable. Participants were also asked to answer a series of
seven-point Likert scale questions during each drive. The participants then completed
the two half-hour drives with a short break in between. After completing both drives, a
post-drive survey on their overall driving experience and level of trust were completed
by the participants along with a wellness survey to assess signs of simulator sickness in a
private room.
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3 Experimental Results

3.1 Reduced Data

Data was collected from three main sources. Simulator data files contained many
variables, including driver inputs, vehicle signals, and other cab signals such as the Likert
survey input. Eye tracker data was recorded to log files from the FacelLab system. Lastly,
post-drive surveys were administered to collect additional data on comfort and
attitudes towards automated vehicles. The simulator and eye tracker data were
processed using a data reduction script in Matlab to obtain several dependent measures
used in the analysis.

Two types of measures were calculated. The first set was calculated once per event
and is listed in Table 3.1. These measures included the values of independent variables,
the event number and name, and key dependent measurements of the event. The
percent road center (PRC) gaze [21] measured the percentage of time that the driver’s
gaze was directed at the front scene, computed in a running 17-second window [22].

A second type of dependent measure was recorded at regular intervals either after
the beginning of manual driving mode, or after the end of manual driving mode in the
event. A fixed interval spacing of five seconds was used, and up to 12 segments, or one
minute, were computed. These measures created a type of longitudinal data that could
be analyzed for trends. The approach was adapted from the methodology used at the
University of Leeds [11]. The longitudinal dependent measures are summarized in Table
3.2.
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Table 3.1 — Measures that were calculated once per event.

Measure Description

Participant number

M or F

Age of the participant in years

>
oq
]

More- or less-capable automation

Was the drive in the first or second order?
FirstScenario Which drive was first (A or B)?

Event number (0-8). Events 6-8 were the extra events.
Name of the event

DAQ frame at the start of the event

StartTime Time at the start of the event

The duration of the event

Percentage of event time spent in automated mode

Response time to take over from automation after
warning

Response time to give back control to automation after
cue

TakeOverRT

GiveBackRT

MeanPrc17Auto Average PRC gaze while in automated mode
MedPrc17Auto Median PRC gaze while in automated mode
MeanPrc17Manual Average PRC gaze while in manual mode
MedPrc17Manual Median PRC gaze while in manual mode
DurationManual The time that was spent in manual mode

Did the driver take back control from the automation?

Table 3.2 — Dependent measures that were calculated in multiple segments during
the event. Each measure was calculated in up to 12 consecutive segments.

Measure Description

MinSpeed The minimum speed in each manual segment (mph)

MeanSpeed The average speed in each manual segment (mph)

The steering reversal rate in each manual segment,
calculated in a 15-second running window (rev/sec)

Average value of standard deviation of lane position in each

DLP . . .
- manual segment, calculated in a 15-second running window (ft)

High-frequency steering content in each manual segment

Percent road center gaze in each manual segment,
calculated in a 17-second running window (%)

Percent road center gaze in each segment after return to
automated mode, calculated in a 17-second running window (%)

PRC

PRCpost
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The steering reversals and high-frequency steering (HFSteer) measures were also
adapted from the Leeds methodology. Steering reversals count the number of one-
degree reversals in a time period. The steering reversal rate per second (Leeds used per
minute) was then calculated by dividing by the number of seconds in the segment. The
HFSteer measure is based on a high-frequency control of steering computation that is
defined as the ratio between the power of a high-frequency band of steering activity to
the power of a lower-frequency band [23, 24].

3.2 Data Analysis
Several methods were used to analyze the data. The SAS statistical software package

was used to analyze the survey data, while the R statistical software language [25] was
used to analyze the simulator and eye tracker measures. ANOVAs were used to compare
dependent variables across various study conditions, and box plots are the graph type
we preferred for visualizing significant differences that were observed. Box Cox
transformations were applied to the dependent measure, where appropriate, to
optimize the normality of the residual error. Normality was tested by observing the Q-Q
plot of the residuals as well as by running a Shapiro-Wilk test to see if the null
hypothesis of normality should be rejected. Additionally, a cluster analysis was used to
identify three distinct profiles of longitudinal comfort that were observed among the
participants.

For the retrospective trust survey data, the restricted range and ordinal scale of the
data associated with Likert-type survey responses requires that care be taken in that
analysis. Although there is significant debate over the acceptability of various analysis
approaches and where the data can be considered as interval scale and be used with
ANOVA, the authors concur with Sullivan and Artino [26] that an ANOVA is an
appropriate technique. Accordingly, the SAS general linear model (GLM) procedure was
used to conduct an ANOVA on the data.

For the analyses of the simulator and remaining survey data, linear mixed-effects
regression (LMER) was used to analyze the longitudinal measures with the Ime4 package
in R [27]. The specific application of LMER that includes time as a factor is called growth
curve analysis [28]. Moreover, the time can be transformed to allow for quadratic,
polynomial, or piecewise linear time segments. We used the following variations on
time: raw, piecewise with two pieces, and orthogonal polynomial. Transformations of
the time vector can make the intercept and slope coefficients of the model harder to
interpret, but it is still possible to predict values with the model.

Linear mixed-effects regression models can be evaluated on both relative and
absolute measures of accuracy. Two relative measures that are generated in Ime4 are
the Akaike information criterion (AIC) and the Bayesian information criterion (BIC) [29].
These metrics can only be interpreted by taking the difference between two models as a
comparison. Burnham and Anderson [29] noted that a difference of at least two in the
AIC can be used as a rule of thumb in detecting substantial differences between models.

Absolute accuracy is often reported as a p-value, but Ime4 does not generate p-
values for LMER models because of the difficulties inherent in getting reliable estimates.
However, there are other options available to the user of such models. We have
adopted a simple approach to estimating R” values [30, 31]. This approach yields two
values, a marginal R* value as well as a conditional R value. The former describes the
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variance explained by the fixed effects in the model, while the latter describes the
variance explained by both the fixed and random effects in the model. When reporting
on accuracy of LMER models, we provide the AIC, BIC, marginal and conditional R?, and
the degrees of freedom. Since many people are not familiar with LMER models and
growth curve analysis, figures are also provided to visualize model significance.

3.3 Descriptive Statistics

A total of 20 people participated in the study. Gender was equally balanced, while
age was balanced using the minimization method, which resulted in two equally
balanced groups. However, the allocation of age to the order condition ended up being
unbalanced by one participant. Baseline demographics of the participants is shown in
Table 3.3.

Table 3.3 — Baseline demographics of participants.

Order 1 (A ->B) Order 2 (B-> A) Total (%)*
N 10 10 20 (100)
Age (yrs)
Mean 29.7 28.4 29.1%*
18-25 6 4 10 (50.0)
26 -55 4 6 10 (50.0)
Gender
Male 5 5 10 (50.0)
Female 5 5 10 (50.0)

* Column percentages ** Mean age of all participants (across all groups)

A large portion of the analysis deals with determining the effect of order, age, and
gender on the dependent measures. Even the analysis of the longitudinal measures with
LMER models are able to include order, age, and gender as conditional factors to judge
their effects on the model fit. The scenario (more or less capable (A or B)) is the within-
subjects analogue of the between-subjects variable order. Half the participants drove
the more-capable automation first, and the other half drove the less-capable
automation first. We would expect to see differences in the dependent measures
between scenarios, but one of the interesting questions here is whether order also has
an effect on those measures. The following two tables summarize the statistics of
several dependent measures split out by age, gender, and event.

Table 3.4 describes the scenario with more capability, while Table 3.5 describes the
scenario with less capability.
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Table 3.4 — Sample means and standard deviations of Likert, Likert reaction time,
duration and mean Prc17Auto for each event, split out by gender and age (more-
capable automation).

Male Female Male Female
(18 - 25) (18 - 25) (26 - 55) (26 - 55)
Mea St M St. M St M St
n .Dev ean Dev ean .Dev ean .Dev
Work Zone
Lik 1. 2. 0. 1. 0. 2. 1
Hert 26 4 0 6 4 8 8 7
Likert 2. 5. 1. 5. 1. 4, 0.
Reaction Time 4.7 6 1 4 4 5 1 7
Duration 1. 4 2. 4 2. 4 2
50.1 2 9.6 7 9.9 0 9.2 8
Mean Prc 0.4 0. 0. 0. 0. 0. 0. 0.
17Auto ' 2 2 3 4 3 4 2
Lane Lines
. 1 2 1 1. 0 2 0
Likert 2.6 4 5 0 5 4 6 3
Likert 46 0. 4, 0. 4, 1. 4, 1.
Reaction Time ' 5 1 8 3 4 0 4
. 0 4 0 4 0 4 0
Duration 43.1 0 30 0 30 0 30 0
Mean Prc 0.2 0. 0. 0. 0. 0. 0. 0.
17Auto ' 1 2 2 3 3 2 2
Curve
. 1 1 0 1. 0 2 1
Likert 2.8 0 3 3 4 3 5 0
Likert 59 3. 3. 0. 5. 0. 3. 1.
Reaction Time ' 3 8 4 1 7 4 0
. 0 8 0 8 0 8 0
Duration 84.4 0 44 0 a4 0 a4 0
Mean Prc 0. 0. 0. 0. 0. 0. 0.
17Auto 0.3 2 1 1 2 2 2 1
Slow Vehicle
. 1 1 0 1. 0 1 0
Likert 2.0 1 6 3 5 4 3 3
Likert 45 1. 3. 0. 4, 0. 3. 0.
Reaction Time ' 8 1 5 6 8 4 5
. 2 2 2 3 4 3 3
Duration 24.9 5 92 5 0.7 7 )8 6
Mean Prc 03 0. 0. 0. 0. 0. 0. 0.
17Auto ' 1 3 1 4 1 4 2

Exit
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Male Female Male Female
(18 - 25) (18 - 25) (26 - 55) (26 - 55)
Mea St M St. M St M St
n .Dev ean Dev ean .Dev ean .Dev
. 1. 1. 0. 1. 0. 2. 0.
Likert 2.2 5 4 3 6 3 4 5
Likert 45 1. 3. 0. 5. 1. 3. 0.
Reaction Time ' 2 5 7 6 8 4 7
. 4 7 5 7 2 7 2
Duration 71.5 4 73 6 6.3 4 31 4
Mean Prc 0.4 0. 0. 0. 0. 0. 0. 0.
17Auto ' 2 5 2 4 2 6 1
Filler 1
Likert 0. 1. 0. 1. 0. 1. 0
1.2 4 8 8 4 8 2 4
Likert 1. 3. 0. 4, 1. 3. 0.
Reaction Time 4.8 8 6 6 0 8 4 6
Duration 0. 3 1. 3 0. 3 1
37.8 6 8.4 1 8.8 7 7.8 2
Mean Prc 0. 0. 0. 0. 0. 0. 0.
17Auto 0.2 2 2 3 3 3 3 2
Filller 2
Likert 1. 1. 0. 1. 0. 2. 0
1.8 2 6 8 2 4 0 6
Likert 2. 3. 0. 4, 1. 3. 1.
Reaction Time 4.7 1 6 7 0 3 9 0
Duration 4, 3 6. 4 0. 3 5
416 8 9.1 1 4.1 1 8.8 6
Mean Prc 0. 0. 0. 0. 0. 0. 0.
17Auto 0.1 1 1 2 1 1 2 2
Filller 3
Likert 0. 1. 0. 1. 0. 2. 0
1.6 8 2 4 6 8 0 6
Likert 4, 3. 0. 5. 0. 3. 0.
Reaction Time 6.1 0 2 7 0 5 5 6
Duration 0. 3 0. 3 1. 3 1
380 3 8.0 4 6.3 7 7.6 4
Mean Prc 0. 0. 0. 0. 0. 0. 0.

17Auto 0.1 1 2 2 3 2 2 2
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Table 3.5 Sample means and standard deviations for Likert, Likert reaction time,
duration, and meanPrc17Auto for each event, split out by gender and age (less-
capable automation).

Male (18 - Female (18 Male (26 - Female (26
25) - 25) 55) - 55)
M St M St. M St M St
ean .Dev ean Dev ean .Dev ean .Dev
Work Zone
Lik 2 1 2 1. 0 1
Hert 4 5 0 13 6 8 26 7
Likert Reaction 6. 2. 4, 5. 1. 0.
Time 0 2 8 1.6 3 1 45 4
Duration 3 3 3 3 3. 38 3
4.6 6 9.4 50 6.6 3 2 0
Mean Prc 0. 0. 0. 0. 0. 0.
17Auto 4 1 3 0.1 4 1 0-5 1
Lane Lines
. 1. 0. 2. 1. 0. 1
Likert 4 5 4 1.0 4 g 2.0 1
Likert Reaction 5. 2. 3. 5. 1. 0.
Time 1 0 5 0.3 1 4 3.6 5
Duration 4 d 4 4 3 4> 0
7.8 0 5.9 1.6 6.9 5 6 8
Mean Prc 0. 0. 0. 0. 0. 0.
17Auto 4 1 4 02 4 1 03 1
Curve
ik 2 1 1 1. 0 1
Likert 2 0 8 10 6 8 28 2
Likert Reaction 5. 1. 3. 4, 0. 0.
Time 8 6 2 0.8 2 9 3.8 9
Duration 8 4 1 11 9 4 93 6
9.3 8 064 2 9.1 0 3 6
Mean Prc 0. 0. 0. 0. 0. 0.
17Auto 4 2 4 01 4 1 04 2
Slow Vehicle
ik 1 0 1 1 0 1
Likert 4 5 6 0.8 2 4 8 0.8
Likert Reaction 6. 2. 3. 4, 0. 3
Time 0 0 2 09 3 9 3 0.4
Duration 2 6 3 2 ! 3
5.2 3 1.6 35 44 9 1.2 4.0
Mean Prc 0. 0. 0. 0. 0. 0
17Auto 3 1 3 0.1 3 1 3 0.1

Exit
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Male (18 - Female (18 Male (26 - Female (26
25) - 25) 55) - 55)
M St M St. M St M St
ean .Dev ean Dev ean .Dev ean .Dev
Likert 1. 0. 1. 1. 0. 1
8 8 6 0.8 4 5 .8 0.4
Likert Reaction 4, 1. 4, 4, 1. 3
Time 3 8 0 0.7 6 4 .6 0.5
Duration 7 6. 8 21. 7 2. 7
5.4 2 6.2 8 9.1 4 8.4 7.2
Mean Prc 0. 0. 0. 0. 0. 0
17Auto 4 2 6 01 5 1 7 0.1
Filler 1
. 1 0 2. 1 0 1
Likert 6 8 2 10 2 4 8 0.4
Likert Reaction 6. 4, 3. 6. 1. 3
Time 2 2 2 06 3 8 2 0.6
Duration 4 0 4 4 0 4
6.1 6 5.6 09 5.1 8 5.8 0.9
Mean Prc 0. 0. 0. 0. 0. 0
17Auto 2 1 1 01 2 1 | 0.1
Filller 2
. 1 0 1 1. 0 2
Likert 4 5 8 08 2 4 2 1.5
Likert Reaction 3. 0. 3. 4, 0. 3
Time 3 2 9 13 4 8 2 0.2
Duration 4 ? 4 4 0 4
8.0 1 6.6 0.1 6.5 7 .9 0.9
Mean Prc 0. 0. 0. 0. 0. 0
17Auto 2 2 1 0.1 3 2 2 0.2
Filller 3
Likert 1 0 1 1. 0 2
6 5 8 0.8 2 4 .0 0.9
Likert Reaction 4, 1. 3. 4, 0. 3
Time 3 5 5 04 3 9 .9 0.6
Duration 6 0 6 6 0 6
2.3 1 2.3 0.0 23 0 2.3 0.0
Mean Prc 0. 0. 0. 0. 0. 0
17Auto 2 1 1 01 2 1 2 0.2

3.4 Results on Operator Trust

How much did operators trust the automation?
The amount of comfort an operator had in the automation during their drives was
probed at semi-regular intervals using a Likert survey that appeared on a display located
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in front of the cab’s center console. The single question asked the operator to rate his or
her level of comfort at that moment on a scale of 1 (Very Comfortable) to 7 (Very
Uncomfortable). The wording of comfort was selected as an overall approximation of
the more complex concept of trust and was thought to estimate the participants’
nascent level of trust in a system that was new to them.

Two such surveys were administered in the practice drive. There were eight
additional surveys in each main drive, for a total of 18 comfort measurements. They
were spaced in between events, and nothing related to any event was happening at the
time the surveys were administered. Sometimes the survey occurred after one of the
four main events, but sometimes it occurred after an extra, “filler’ event during which a
lead vehicle slowed momentarily.

The log of the Likert score was used as the main trust measure. All 18 measurements
in a drive constituted a longitudinal comfort profile that evolved in ways unique to each
individual. Each participant’s longitudinal comfort profile is plotted individually in Figure
3.1. The scenario is coded both by color and by marker shape. Linear mixed-effects
regression models were fit to the comfort (log of Likert responses). The survey instance
(0-17) was used as time and included as a factor; thus, the resulting models were
growth curve models.
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Figure 3.1 - Longitudinal comfort (log of 18 Likert responses) for 20 subjects across
a practice drive and two study drives (A: more-capable automation, B: less-capable
automation).
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The surveys were administered at semi-regular intervals in between other events.
Thus, the actual time between surveys varied some, and the times of instances would be
different in the two orders (A first and B first). A cumulative time variable was calculated
for each participant so that the absolute time of each Likert survey could be used
instead. Some experimentation was done with fitting growth curve models using
absolute time, but it was found that they did not yield additional information over the
models that used instance number. Since using instances simplified comparisons
between drives significantly, they were used as the time factor for all comfort models.

A piecewise linear formulation for time was selected, based on trends that were
observed in Figure 3.1. Three competing models were made in which the break in the
piecewise lines was placed after instances 4, 5, and 6. The three models were compared,
and the results are shown in Table 3.6. The middle model, which used five points for the
first line and 13 for the second, was selected as the best fit. Figure 3.2 shows the
longitudinal comfort profiles for all participants in light gray lines. Overlaid on these
profiles are the group means for each instance in red dots. Finally, the 95% confidence
interval region of the growth model fixed effects is shown as a grey band overlaid on the
plot.

Additional models were made by including age, gender, and order (A first or B first)
as factors in the fixed and/or random effects of the model. However, no significant
improvements in model fit were found, indicating that those factors may not have had a
significant effect on comfort.

Table 3.6 — Three piecewise linear model fits where the pieces are split into 5 and
13 points, 4 and 14 points, and 6 and 12 points, respectively.

AIC BIC Marginal Conditional
R2 R2

Piecewise 10 248.38 287.25 0.13 0.69
5/13

Piecewise 10 252.13 290.99 0.12 0.68

4/14
Piecewise [T)] 252.79 29165  0.13 0.69
6/12
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Figure 3.2 — Longitudinal comfort (log of 18 Likert responses) for 20 participants.
Individual profiles are shown as grey lines, while the group means for each instance
are red dots. The grey ribbon shows the 95% confidence interval of the fixed effects

model.

A hierarchical clustering analysis was conducted using the random intercept and two
random slopes from the growth curve model. Three clusters were selected from the
analysis (see Figure 3.3), and participants were assigned to one of the three. Figure 3.4
shows the longitudinal comfort profiles once again, this time with 95% confidence
intervals from the random effects overlaid on each plot. Additionally, the cluster for
each participant is color-coded in the figure.
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Figure 3.3 — Cluster dendogram showing Euclidian distance between clusters. A
three-cluster fit was selected. Dendogram leaves are labeled as participant number
divided by 20.

The three clusters may be easily described on inspection of Figure 3.4. The
participants in cluster 1 gradually increased in comfort (the log of the Likert response is
inversely proportional to comfort) over the course of the practice drive and two main
drives. Participants in cluster 2 started with about the level of comfort that they
maintained throughout their three drives. Finally, participants in cluster 3 started with
less comfort, but their scores improved over a fixed amount of time and then leveled off
for the remainder of the drives. Participant 13 may be an outlier if the first large Likert
response was just an aberration. Participant 4 was unusual in that the responses
indicated a loss of comfort near the end of the first drive (identified as Drive B, or the
less-capable automation system, from Figure 3.1).
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Figure 3.4 — Longitudinal comfort (log of 18 Likert responses) for 20 subjects across
a practice drive and two study drives. Ribbon overlays show the 95% confidence
interval of the random effects model fit. Subjects are clustered and color-coded into
three identified profiles of longitudinal trust.

A cluster group was added to the comfort data set, and three chi-squared tests were
run using the frequencies of each order, gender, and age group in each of the three
clusters, respectively. None of the chi-squared tests were significant, so no main effects
of order, gender, or age on cluster membership could be deduced.

Response Time of Likert Responses

A three-way ANOVA was conducted to analyze the variance of response time to the
Likert surveys, depending on age, gender, and order. A Box Cox transformation with
lambda equal to -0.6 was applied to the response time variable. Significant main effects
of order and gender were observed, as was a two-way interaction between order and
age, and a three-way interaction between order, age, and gender. The results of the
ANOVA are shown in Table 3.7, and box plots of the response times are displayed in
Figure 3.5. The figure shows that, on average, men took longer to respond to the probe
surveys, and young men took the longest.
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Table 3.7 — Three-way ANOVA on the effects of order, age, and gender on response
time to the in-cab comfort survey.
Sum Mean

Df sq sq F value p-value
0.0000 00000  0.005 0.9432
m 0309 03094 62499
Order:Age 00351 00351  7.085 0.0082
Order:Gender 0.0038 00038 07740 0379
Age:Gender 0.0009 00009 01760  0.6754
Order:Age:Gender 0.0638 00638  12.883  0.0004
15446 0.0050
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Figure 3.5 — Average response time to the in-cab trust survey, split out by gender,
age, and order.

How Did Participants Rate Their Trust Retrospectively?

Participants were asked via survey after each of the two drives to rate their
perceived comfort during different portions of the drive. To determine whether the
automation capability and drive order influenced driver comfort, we conducted



Transfer from Highly Automated to Manual Control: Performance & Trust

SM

repeated-measures ANOVAs with scenario (more or less capable (A or B)) and order
(first or second drive (1 or 2)) as within-subjects factors for each of four questions where
participants provided Likert responses.

The first question asked participants to indicate how comfortable they felt when
transferring into automated mode (Figure 3.6). Overall, participants felt quite
comfortable, and there were no significant effects or interactions involving either
scenario or order (p > 0.05).

3
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Very Comfortable

order W1 W2

Figure 3.6 — “How comfortable did you feel when transferring into automated
mode?”
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The second question asked participants how comfortable they felt when resuming
manual control back from the automation (Figure 3.7). The main effect of order was
marginally significant (p = 0.09), suggesting that drivers tended to be less comfortable in
their first drives (1) relative to their second drives (2). This is to be expected as drivers
grew more familiar with the automation and transferring control. The main effect of
scenario was not significant, nor was the interaction between order and scenario (p >
0.05).
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Figure 3.7 — “How comfortable did you feel resuming manual control from the
automation?”
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The third question asked drivers how comfortable they felt when the automation
failed and they had to regain control (Figure 3.8). Neither the main effect of order nor
scenario reached significance, nor did the order by scenario interaction (p > 0.05).
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Figure 3.8 — “How comfortable did you feel when the automation failed and you
had to regain control?”
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The final Likert scale question asked participants how comfortable they felt when
driving in automated mode (Figure 3.9). Again, the main effects of order and scenario
and the order by scenario interaction did not reach significance (p > 0.05).
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Figure 3.9 — “How comfortable did you feel driving in automated mode?”

These results generally suggest that the capability of the automation (scenario) and
the order in which drivers experienced the different conditions had a limited effect on
drivers’ retrospective perceptions of comfort in interacting with the automation.

3.5 Results on Simulator Measures

How long do transfers of control take?

Transfers of control from automated to manual operation have several phases that
should be considered individually, though some are more difficult to study than others.
Situational awareness, for example, is a difficult concept to define, much less measure,
and we do not attempt it here, though visual attention is likely a good minimum bound
on the time required to regain it. Four phases of takeover from automation are
presented in Table 3.8.
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Table 3.8 — Phases of takeover from automated to manual mode.

Takeover Phase Dependent Measure

Physically taking control by pressing Takeover response time from
the transfer button or the brake pedal cautionary TOR
Physically stabilizing control of the Longitudinal dependent
vehicle after taking control measures for steering and lane
keeping
Visually attending to the dynamic Longitudinal dependent
driving task measure for PRC gaze during
manual mode
Regaining full situational awareness None

The first phase may be characterized by the drivers’ response times in taking over
after being given a TOR. Events 1 through 4 used cautionary TORs. The average response
time was 4.13 seconds with a standard deviation of 1.04 seconds (see Figure 3.10a). The
exit event, event 5, first issued an information TOR, followed by a cautionary TOR and
an imminent TOR, each lasting for 10 seconds. Observe in Figure 3.10b that the
distribution of response times for event 5 is tri-modal. Some people responded after the
first TOR and some after the third one. One person responded after 30 seconds, which
should have been when the vehicle was slowing down and preparing to pull over. The
first group had a mean time of 7.60 seconds with standard deviation of 1.28 seconds.
The middle, largest, group had a mean response time of 22.37 seconds with standard
deviation of 0.85 seconds. The participant in the third group responded at 31.57
seconds. Three-way ANOVAs were run on takeover response time for each event using
order, gender, and age. No significant effects of these conditions were found.
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(a) (b)
Figure 3.10 — Distribution of response time to take back manual control after a
cautionary TOR for (a) events 1 through 4, and (b) event 5.
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The second phase of manual takeover includes the time required to stabilize physical
control of the vehicle. The high-frequency control of steering, captured in the HFSteer
measure, is thought to be sensitive to distraction. A larger amount of variance was
observed in the HFSteer measure in the first six time segments, and less variance was
observed in the last six time segments. This is shown in Figure 3.11.
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Figure 3.11 — Standard error of HFSteer measure across all participants and all
events for each time segment after a manual takeover.

The third phase of manual takeovers considers the time required for the driver to
become fully visually engaged in the dynamic driving task. We used the percent road
center (PRC) gaze measure recorded using the eye tracker to indicate visual attention.
Percent road center has been used not only as a measure of visual distraction, but also
to detect cognitive distraction. Simply put, PRC has a normal range, and values that are
too low or too high indicate a lack of proper attention.

After manual takeovers, PRC gaze increased as drivers returned their gaze to the
road until achieving normal gaze patterns once more. The PRC gaze was calculated on a
17-second running window, which has been used for the detection of distraction [22].
The increasing piece of the PRC gaze trend, up until it peaked, was fit to a linear model,
and linear interpolation (or extrapolation, as appropriate) was used to estimate the time
at which the PRC would reach 0.7. The distribution of these times is shown in Figure
3.12. In actuality, the PRC never reached 0.7 in some events for some participants. Such
cases caused the increasing trend to have a very shallow slope, resulting in very large
estimates for the 0.7 intercept time. However, the estimate is useful as a way to
compare events and participants against one another.

A three-way ANOVA was run on the estimated 0.7 intercept time for all events in the
less-capable condition using gender, age, and order. A significant main effect of age was
observed (F=9.653, p=0.003), as well as a three-way interaction between age, gender,
and order (F=4.733, p=0.033). Boxplots show the differences between groups in Figure
3.13. Generally, it took less time for younger drivers to return their gaze to the road.
Moreover, younger male drivers exhibited a pattern wherein their time to return their



Transfer from Highly Automated to Manual Control: Performance & Trust

SM

gaze to the road dropped significantly from their first drive to their second, showing a
possible jump in trust.
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Figure 3.12 - Distribution of times projected for PRC to reach 0.7 after transfer to
manual mode.
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Figure 3.13 — Projected time for PRC gaze to reach 0.7. Younger drivers took
significantly less time to return gaze to the road.
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Transfers of control from manual to automated mode are simpler in that
stabilization and situational awareness are not factors after the transfer. Rather,
analyzing transfers to automated mode may tell us about the degree of trust the
operator has in the automation. After each event, an audio/visual cue was given to the
driver that they could once again transfer control to the automation. The response time
was measured from the time this cue was issued. The distribution of response times for
the driver to hand back control to the automation is shown in Figure 3.14. After
removing the times larger than 20 seconds as outliers, the mean response time was
calculated to be 5.31 seconds with standard deviation of 3.15 seconds.
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Figure 3.14 - Distribution of response time to give back control to the automation
after a reminder cue in events 1 through 4.

A three-way ANOVA was run on the manual-to-automation transfer response time.
A significant effect of order (F=8.007, p-value=0.0164), as well as a significant three-way
interaction (F=5.772, p-value=0.0351) were found in the slow lead vehicle event with
less-capable automation. Participants took longer to respond to the reminder cue and
transfer control when they encountered the slow lead vehicle with less-capable
automation in their first drive, as compared to when they encountered it in their second
drive. This was exaggerated even more for young male participants. The response times
split by order, age, and gender are shown in Figure 3.15.

After control was returned to the automation, the PRC gaze dropped until the driver
engaged once more with the trivia task. The PRC gaze trend was fit to a linear model,
and the time was estimated at which the PRC would reach 0.1. A distribution of these
times is shown in Figure 3.16.
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Figure 3.15 — Response time to give back control to the automation after a
reminder cue in slow lead vehicle event (event 4), less-capable automation scenario.
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Figure 3.16 — Distribution of times for PRC to reach 0.1 after transfer to automated
model.

A three-way ANOVA was run on this time for all events in the less-capable condition
using gender, age, and order. A significant main effect of age was observed (F=4.621,
p=0.035), as well as a two-way interaction between age and order (F=8.378, p=0.005).
Boxplots show the differences between groups in Figure 3.17. Generally, it took less
time for younger drivers to take their gaze away from the road. However, older women
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clearly took longer to reallocate their attention after engaging the automation in the
first drive, though they took much less time on their second drive.
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Figure 3.17 — Projected time for PRC gaze to reach 0.1 with less-capable
automation. Younger drivers took less time to take their gaze off the road.

How Long Did Drivers Spend in Manual Mode?

The duration that each driver spent in manual mode during the events that required
a takeover was measured as part of the data reduction. That duration was heavily
dependent on the details of the event. A distribution of the time durations in manual
mode, grouped by event, is shown in Figure 3.18. The mean and standard deviation of
each group is listed in Table 3.9.



SM Transfer from Highly Automated to Manual Control: Performance & Trust

15-
factor(event)

10- 1
e 2
3
S 3
5- 4

5
.. '

25 50 75 100 125
Time (sec)

Figure 3.18 - Distribution of time spent in manual mode, grouped by event.

Table 3.9 — Mean and standard deviation of time spend in manual mode, by event.
Event Event Name Mean STD

Duration Duration
Work Zone 32.06 5.20

Missing Lane 41.82 5.73
Lines

Curve 89.74 17.02

Slow Lead Vehicle 24.72 5.21

Exit 56.67 10.79

A three-way ANOVA was run on this duration for each event using gender, age, and
order. A significant interaction between age and gender was found in the curve event
(F=10.274, p=0.009). Young men spent significantly less time in manual mode than
young women (see Figure 3.19). Additionally, a significant effect of age was observed in
the slow lead vehicle event with the more-capable automation (F=5.383, p=0.039), and
there was a significant effect of gender in the same event with less-capable automation
(F=6.70, p=0.024). Younger drivers spent less time in manual mode with more-capable
automation, while men spent less time in manual mode than women with less-capable
automation (see Figure 3.20).
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Figure 3.19 — Duration spent in manual mode for curve event. Young males spent
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Figure 3.20 — Duration spent in manual mode for lead vehicle event: (a) with more-
capable automation, younger drivers spent significantly less time in manual mode,
and (b) with less-capable automation, men spent significantly less time in manual

mode than women.

3.6 Results on Longitudinal Measures

Several measures were computed in a sequential series of five-second segments
after the driver took back manual control from the automation. Moreover, one such
measure, PRC gaze, was also computed in similar segments after the driver returned
control to the automation. Up to 12 segments, or one minute, were recorded. The
duration of manual driving for several events was less than one minute in length, which
resulted in fewer than 12 segments for these events. This segmented data provided
additional longitudinal variables that could be analyzed using growth curve models. The
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set of longitudinal variables that were computed for each event is summarized in Table
3.2.

A growth curve analysis was performed on each longitudinal measure in each event
to see if there were significant dependencies on gender, age, or order conditions. In
most cases, orthogonal polynomials up to second order were computed from the time
index (1-12) to fit the growth curve. If an alternate method was used, it is noted in the
sections that follow.

In each case, three unconditional growth models were tested first: one that included
time as a random effect on the intercept, one that included time as a random effect on
the slope, and one that included both intercept and slope in the random effects of the
model. The best fit of the three was selected as the base for adding in conditional
factors to the model.

Minimum Speed

A gender effect was observed in the slow lead vehicle event (event 4) with less-
capable automation. Orthogonal polynomials on the segment index were created for
the linear (ot;) and quadratic (ot;) terms. Of the three unconditional models that were
made, the random slope model was selected as the best fit (the random intercept was
removed). This was designated as Model A. The equations governing Model A are
written as

Level YU = 130] + ,Bljotlij + ﬁZjOtZij + RU (3.1)

Rij ~ N(0,0%)
Level 2:  Boj = Yoo

ﬁlj = Y10 + Uy

:82]' = Y20 + Uyj

<U1j) - N(O ’ o 712>
Upj 0 T12 T%o

Level 1 refers to the repeated measure, minimum speed (Yj), and level 2 refers to
the subject.

Other factors (age, gender, order) were added as conditions to the fixed and random
effects, and the changes in AIC were observed. A model that conditioned the fixed slope

on gender was designated as Model B, again with the random intercept dropped, and its
governing equations are given by

Level YU = 130] + ,Bljotlij + ﬁZjOtZij + RU (3.2)

Rij ~ N(O,O'Z)
Level 2: By = Yoo + Yo1Gender;
B1j = Y10 + v11Gender; + Uy
B2j = Y20 + V21Gender; + Us;

(Ulj) ~n (0 o T;z
UZJ' 0 T12 T30
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A comparison of Model A and Model B is summarized in Table 3.10. The AIC dropped
by about 7, serving as good evidence of improved fit and as an indicator of the
significance of gender in Model B. Moreover, the Marginal R value increased from
0.296 to 0.501.

Table 3.10 - Minimum speed in lead vehicle event shows a fixed effect of gender
with less-capable automation.
Model DF AIC BIC Marginal Conditional
R2 R2

B

The fixed coefficients of Model B are graphed in a caterpillar plot with 95%
confidence intervals in Figure 3.21. Intervals that do not include zero may be interpreted
as coefficients that are significant to the model. From the figure, it can be seen that
there is a significant interaction between ot; and gender, as well as a marginally
significant interaction between ot, and gender.
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Figure 3.21 — Fixed effect sizes for minimum speed in lead vehicle event, less-
capable automation.

The actual effect may be observed by viewing the longitudinal measure of minimum
speed for men and women in Figure 3.22. Women systematically achieved lower
minimum speeds than men did in the slow lead vehicle event with the less-capable
automation.

Gender and age were both significant factors in the exit event (event 5). Orthogonal
polynomials on the segment index were created for the linear (ot;) and quadratic (ot,)
terms. Of the three unconditional models that were made, the random slope model was
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selected as the best fit (the random intercept was removed). This was designated as
Model A. The equations governing Model A are given in equation set (3.1).
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Figure 3.22 — Longitudinal measure of minimum speed grouped by gender.

Other factors (age, gender, order) were added as conditions to the fixed and random
effects, and the changes in AIC were observed. A model that conditioned the fixed slope
on age and the fixed intercept on gender was designated as Model B, again with the
random intercept dropped, and its governing equations are given by

Level YU = BO] + ﬁljotlij + IBZjOtZij + ﬁszenderzij + RU (3.3)

Rij ~ N(0,0%)
Level 2:  Boj = Yoo + Yo149¢;
ﬁ1j = Y10 T Y1149e; + Uy
ﬁZj = Y20 T V2149¢€; + Uy;
ﬁ3j =730

(Ulj) ~n (0 (50 T;z
UZJ' 0 T12 T30

A comparison of Model A and Model B is summarized in Table 3.11. The AIC dropped
by about 20, serving as good evidence of improved fit and as an indicator of the

significance of gender and age in Model B. The marginal R value also increased from
0.006 to 0.138.
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Table 3.11 — Minimum speed in exit event shows fixed effects of gender (fixed
intercept) and age (fixed slope).

Model DF AIC BIC Marginal Conditional

R2 R2

B

The fixed coefficients of Model B are graphed in a caterpillar plot with 95%
confidence intervals in Figure 3.23. Intervals that do not include zero may be interpreted
as coefficients that are significant to the model. From the figure, it can be seen that age
is significant, as is the interaction between age and both time terms. Gender may be
marginally significant.

The actual effect may be observed by viewing the longitudinal measure of minimum
speed grouped by gender and age in Figure 3.24. Women systematically achieved lower
minimum speeds than men did in the exit event. Younger drivers tended to slow down
in the first 20 seconds after taking over, while the older group had more instances of
speeding up as they approached their exit.
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ot1:young1- t L
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Figure 3.23 — Fixed effect sizes for minimum speed in first 20 seconds of exit event,
both scenarios.
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Figure 3.24 — Minimum speed in first 20 seconds of exit event, both scenarios.
Fixed effects of age and gender are observed.

Steering Reversal Rate

Age was a significant factor in the work zone event (event 1) with the less-capable
automation. Orthogonal polynomials on the segment index were created for the linear
(ot;) and quadratic (ot;) terms. Of the three unconditional models that were made, the
random slope model was selected as the best fit (the random intercept was removed).
This was designated as Model A. The equations governing Model A are given in equation
set (3.1).

Other factors (age, gender, order) were added as conditions to the fixed and random
effects, and the changes in AIC were observed. A model that conditioned the fixed
intercept on age was designated as Model B, again with the random intercept dropped,
and its governing equations are given by

Level Yij = Boj + B1jotyij + Bajota; + BrjAgeq; + Ry; (3.4)

Rij ~ N(0,0%)
Level 2: ﬁoj = Y00
ﬁ1j = Y10 + Uy
:32j = Y20 + Uyj
ﬁ3j =730
(Ulj) - N(O ’ (50 712>
Uy;j 0 Ty, T3

T20
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A comparison of Model A and Model B is summarized in Table 3.12. The AIC dropped
by about 2.5, indicating the significance of age in Model B. The marginal R* value also
increased from 0.157 to 0.253.

Table 3.12 - Steering reversal rate in work zone event shows fixed effect of age
(fixed intercept).
Model DF AIC BIC Marginal Conditional
R2 R2

The fixed coefficients of Model B are graphed in a caterpillar plot with 95%

confidence intervals in Figure 3.25. Intervals that do not include zero may be interpreted
as coefficients that are significant to the model. From the figure, it can be seen that age

is significant.
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Figure 3.25 - Fixed effect sizes for steering reversal rate, work zone event, less-
capable automation.

The actual effect may be observed by viewing the longitudinal measure of steering
reversal rate (SRR) grouped by age in Figure 3.26. Younger drivers generally had a lower
steering reversal rate than drivers in the older group. Observe that the older group had
more variability in SRR as well.
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Figure 3.26 — Steering reversal rate in the work zone event, less-capable
automation.

Order was a significant factor in the missing lane lines event (event 2) with the less-
capable automation. Orthogonal polynomials on the segment index were created for
the linear (ot;) and quadratic (ot;) terms. Of the three unconditional models that were
made, the one with both random slope and intercept was selected as the best fit. This
was designated as Model A. The equations governing Model A are given by

Level YU = ,30] + ,Bljotlij + ﬁZjOtZij + RU (3.5)

Ri]""’N(O,O'Z)
LeVeI 2: ﬁoj = yOO + UO]
ﬁ1j = Y10 + Uy
:32j = Y20 + Uyj
Un: 2
0j 0 Too To1 Toz
Ulj ~ N1 0,701 T120 T12

[l

. 2
UZJ 0 To2 12 T20

Other factors (age, gender, order) were added as conditions to the fixed and random
effects, and the changes in AIC were observed. A model that conditioned the fixed slope
on order was designated as Model B, and its governing equations are given by

Level YU = ,30] + ,Bljotlij + ﬁZjOtZij + RU (3.6)

Rij ~ N(O,O'Z)
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Level 2:  Bo; = Yoo + Vo10rder; + Uy;
1j = Y10 + Y110rder; + Uy
sz =Yz t+ ]’2107”5137}' + Uy
Uoj 0 Too To1 Toz
Uij | ~N|[0,701 759 112
Uzj 0 79, 171 30

A comparison of Model A and Model B is summarized in Table 3.13. The AIC dropped
by about 8, indicating the significance of order in Model B. The marginal R value also
increased from 0.102 to 0.382.

Table 3.13 - Steering reversal rate in lane lines event shows fixed effect of order.
Model DF AIC BIC Marginal Conditional
R2 R2

The fixed coefficients of Model B are graphed in a caterpillar plot with 95%
confidence intervals in Figure 3.27. Intervals that do not include zero may be interpreted

as coefficients that are significant to the model. From the figure, it can be seen that
order is significant, as is its interaction with ot..
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Figure 3.27 - Fixed effect sizes for steering reversal rate, lane lines event, less-
capable automation.

The actual effect may be observed by viewing the longitudinal measure of SRR
grouped by order in Figure 3.28. Drivers exhibited higher SRR after taking control the
first time this event was encountered than they did in the second.
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Figure 3.28 — Steering reversal rate in the missing lane lines event, less-capable
automation.

Age was a significant factor in the slow lead vehicle event (event 4) with less-capable
automation. Orthogonal polynomials on the segment index were created for the linear
(ot;) and quadratic (ot;) terms. Of the three unconditional models that were made, the
one with both random slope and intercept was selected as the best fit. This was
designated as Model A. The equations governing Model A are given by the equation set
(3.5).

Other factors (age, gender, order) were added as conditions to the fixed and random
effects, and the changes in AIC were observed. A model that conditioned the fixed
intercept on age was designated as Model B, and its governing equations are given by

Level Yij = Boj + B1jotyij + Bajota; + BrjAgeq; + Ry; (3.7)

Rij ~ N(0,0%)
Level 2:  Bo; =Yoo + Up;
ﬁ1j = Y10 + Uy
:32j = Y20 + Uyj
ﬁ3j =7Y30

Uoj 0 Too Tor To2
Uj | ~N|[0,701 759 112
Uzj 0 Toz Tiz To



Transfer from Highly Automated to Manual Control: Performance & Trust “

SM

A comparison of Model A and Model B is summarized in Table 3.14. The AIC dropped
by about 5, indicating the significance of age in Model B. The marginal R value also
increased from 0.266 to 0.364.

Table 3.14 - Steering reversal rate in slow lead vehicle event, less-capable
automation, shows fixed effect of age.
Model DF AIC BIC Marginal Conditional
R2 R2

The fixed coefficients of Model B are graphed in a caterpillar plot with 95%
confidence intervals in Figure 3.29. Intervals that do not include zero may be interpreted
as coefficients that are significant to the model. From the figure, it can be seen that age
appears to be significant.

The actual effect may be observed by viewing the longitudinal measure of SRR
grouped by age in Figure 3.30. Younger drivers had slightly lower SRR values.
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Figure 3.29 - Fixed effect sizes for steering reversal rate, slow lead vehicle event,
less-capable automation.
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Figure 3.30 — Steering reversal rate in the slow lead vehicle event, less-capable
automation.

Standard Deviation of Lane Position

Order was a significant factor in the missing lane lines event (event 2) with less-
capable automation. Orthogonal polynomials on the segment index were created for
the linear (ot;) and quadratic (ot;) terms. Of the three unconditional models that were
made, the random slope model was selected as the best fit. This was designated as
Model A. The equations governing Model A are given by the equation set (3.1).

Other factors (age, gender, order) were added as conditions to the fixed and random
effects, and the changes in AIC were observed. A model that conditioned the fixed
intercept on order was designated as Model B, and its governing equations are given by

Level Yl] = ﬁO] + ﬁljotlij + ﬁzjotzij + ﬁszTderzij + Rl] (3.8)

Rij ~ N(0,0%)
Level 2:  Boj = Yoo
ﬁ1j = Y10 + Uy
:32j = Y20 + Uyj
ﬁ3j =730

(Ulj) ~n (0 (50 T;z
UZJ' 0 T12 T30

A comparison of Model A and Model B is summarized in Table 3.15. The AIC dropped
by about 4, indicating the significance of order in Model B. The marginal R value also
increased from 0.028 to 0.068.
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Table 3.15 - SDLP in lane lines event, less-capable automation, shows fixed effect
of order.
Model DF AIC BIC Marginal Conditional

R2 R2

The fixed coefficients of Model B are graphed in a caterpillar plot with 95%
confidence intervals in Figure 3.31. Intervals that do not include zero may be interpreted
as coefficients that are significant to the model. From the figure, it can be seen that
order is significant.

The actual effect may be observed by viewing the longitudinal measure of SDLP
grouped by order in Figure 3.32. Drivers had larger, and more varied, SDLP values the
first time they encountered the event than they did the second time.

(Intercept) - 3 2!

order1 - [
=
—
Qo

ot2 - | @ |

ot1- | L i

-1.0 -0.5 0.0 0.5
median

Figure 3.31 - Fixed effect sizes for SDLP, lane lines event, less-capable automation.
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Figure 3.32 — Standard deviation of lane position in the missing lane lines event,
less-capable automation.

Age was a significant factor in the slow lead vehicle event (event 4) with the less-
capable automation. Orthogonal polynomials on the segment index were created for
the linear (ot;) and quadratic (ot;) terms. Of the three unconditional models that were
made, the random slope model was selected as the best fit. This was designated as
Model A. The equations governing Model A are given by the equation set (3.1).

Other factors (age, gender, order) were added as conditions to the fixed and random
effects, and the changes in AIC were observed. A model that conditioned the fixed
intercept on age was designated as Model B, and its governing equations are given by

Level Yij = Boj + Byjotuij + Bzjotz; + BajAger; + Ryj (3.9)

Rij ~ N(0,0%)
Level 2:  Boj = Yoo
ﬁ1j = Y10 + Uy
:32j = Y20 + Uyj
ﬁ3j =7Y30

(Ulj) Y, 0 ’ 5o T;z
Uzj 0 T12 T30
A comparison of Model A and Model B is summarized in Table 3.16. The AIC dropped

by about 4, indicating the significance of age in Model B. The marginal R? value also
increased from 0.227 to 0.411.
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Table 3.16 — SDLP in slow lead vehicle event, less-capable automation, shows fixed
effect of age.
Model DF AIC BIC Marginal Conditional

R2 R2

The fixed coefficients of Model B are graphed in a caterpillar plot with 95%
confidence intervals in Figure 3.33. Intervals that do not include zero may be interpreted
as coefficients that are significant to the model. Age is seen to be significant from the
figure.

The actual effect may be observed by viewing the longitudinal measure of SDLP
grouped by order in Figure 3.34. Younger drivers exhibited larger SDLP during the slow
lead vehicle event with the less-capable automation.
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Figure 3.33 - Fixed effect sizes for SDLP, slow lead vehicle event, less-capable
automation.
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Figure 3.34 — Standard deviation of lane position in the slow lead vehicle event,
less-capable automation.

High-Frequency Steering

Order was a significant factor in the slow lead vehicle event (event 4) with less-
capable automation. Orthogonal polynomials on the segment index were created for
the linear (ot;) and quadratic (ot;) terms. Of the three unconditional models that were
made, the random slope model was selected as the best fit. This was designated as
Model A. The equations governing Model A are given by the equation set (3.1).

Other factors (age, gender, order) were added as conditions to the fixed and random
effects, and the changes in AIC were observed. A model that conditioned the fixed slope
on order was designated as Model B, and its governing equations are given by

Level YU = ﬁO] + ,Bljotlij + [)’zjotzl-j + RU (310)

Rij ~ N(0,0%)
Level 2:  Boj = Yoo
,31]' =Y10 T y110rder]- + Uy
ﬁZj =Yz t+ V2107”d97'j + Uy;

<U1j) Y 0 ' %o T;z
Uyj 0 T12 Tzo
A comparison of Model A and Model B is summarized in Table 3.17. The AIC dropped

by about 9, indicating the significance of order in Model B. The marginal R value also
increased from 0.377 to 0.415.
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Table 3.17 - High-frequency steering in slow lead vehicle event, less-capable
automation, shows fixed effect of order.
Model DF AIC BIC Marginal

R2 R2

Conditional

The fixed coefficients of Model B are graphed in a caterpillar plot with 95%
confidence intervals in Figure 3.35. Intervals that do not include zero may be interpreted

as coefficients that are significant to the model. Order is seen to be a significant factor,
as are the interactions of order with ot; and ot,.
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Figure 3.35 - Fixed effect sizes for high-frequency steering, slow lead vehicle event,
less-capable automation.

The actual effect may be observed by viewing the longitudinal measure of high-
frequency steering grouped by order in Figure 3.36. The fixed effect of polynomial time
takes on a different shape depending on whether it was in the first or second drive.
Were it not for two cases in particular in the first order group, the fixed portion of the
model would have been more similar to the second.
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Figure 3.36 — High-frequency steering in the slow lead vehicle event, less-capable
automation.
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4 Discussion and Conclusions

Twenty participants took part in an automated driving study using the NADS-1
motion base driving simulator. The automation was described generally as SAE Level 3
(conditional automation), however it was implemented as SAE Level 4 with a fail-safe
mode to mitigate the risk that an automated vehicle would actually collide with a lead
vehicle or drive through a work zone. Those negative outcomes did not happen, and the
fail-safe mode was not needed in any of the events, except perhaps during one
participant’s exit event at the end of a drive.

Comfort was measured using a probe survey that was administered twice during the
practice drive and eight times during each main drive. The probes did not take place
during events, but a few minutes later while all was normal. Also, a post-drive survey
was administered after each main drive; it asked the participants to retrospectively
consider their comfort with the automation. We surmised that asking about comfort
would be an effective way to capture the nascent trust of an operator just becoming
familiar with an automation system. Future work could delve deeper into multiple facets
of trust, including predictability/performance, dependability/reliance, faith, and
collaboration.

A cluster analysis revealed three distinct longitudinal comfort profiles from the
probe surveys. One cluster started with a high level of comfort and stayed that way.
Another started with a lower level of comfort, but it gradually increased after a few
surveys and then stayed level. A third cluster started with low comfort and gradually
increased over the course of the practice and two main drives. Apart from single
instances of reduced comfort, only participant 4 showed a temporary trend of
decreasing comfort. We could not associate the clustering with age, gender, or order. It
may be that it is associated with some latent variable such as sensation seeking or a
personality trait. The longitudinal comfort profiles support the notion that trust can be
modeled as a function of time, especially in the sense that instantaneous levels of trust
depend on their previously measured levels [32].

Although it is interesting, it is uncertain whether the significant effects of order,
gender, and various interactions on the response time to the probe surveys speak
directly to differences in trust. The probe survey could conceivably be thought of as a
distraction task; however, the primary task at the time was not the dynamic driving task
(DDT), but the trivia game. We surmise that it does speak to how engrossed the
occupant was in their task and how willing they were to redirect their attention from it.
On average, men took more time to respond than women. Interestingly, the response
time was slightly higher when the more-capable automation was driven first than it was
with the opposite ordering. The largest response time of any group was from young
men experiencing more-capable automation first. Since the scenario with greater
automation capability did not issue any TORs until the fourth and fifth events, it may be
an indicator of how much people allowed themselves to be taken out of the loop, and
this may be reflective of an increased amount of trust.

The physical response times to TORs and automation reminders were both under 10
seconds (4.13 sec +- 1.04 sec and 5.31 sec +- 3.15 sec, respectively). The group that
differed from the means the most was young men giving back control. There was a
trend of taking longer to give back control in the second drive. Young men, especially,
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had the fastest responses in the first drive (~2 sec) and the longest responses in the
second drive (~9 sec). As drivers learned to trust the automation, they also learned its
capabilities and limitations. The increased response time in the second drive could be an
indication that they were calibrating their trust in the automation by waiting until a safe
time to give it control.

We measured visual attention to the driving task through the percent road center
gaze, calculated over a 17-second running window. Longitudinal measures of PRC after
manual takeovers as well as PRC after return to automation were calculated, and their
trends were identified through linear regression fits. The analysis showed that young
men were the quickest to return their eyes to the road. Generally, younger drivers took
the least amount of time to take their eyes back off the road after returning to
automation. The older female group took the most time to take their eyes off the road,
but only in their first drive. Their behavior in the second drive was more normal. The
results indicate that the younger group has a greater ability to quickly switch contexts
between the DDT and the trivia game. This may be partly due to greater trust, and it
may also be due to greater mental agility or greater comfort with technology.

Consideration of the response times for physical takeovers, stabilization, and visual
attention leads to concern for the driver’s safety after taking control. Drivers are
capable of physically taking over control in less than five seconds. However, PRC gaze
showed that it could take 20 seconds or more to return their full attention to the
roadway. Additionally, the variation in high-frequency steering offers evidence that
drivers do not return to their normal driving control for up to 30 seconds. This leaves a
15- to 25-second gap during which the driver may be vulnerable to missing a response
to a safety-critical event at an inopportune moment.

It is remarkable that so many significant effects were observed for the slow lead
vehicle event in the scenario with less-capable automation. This event is the closest
thing to a safety-critical event in the study, but it was by no means as severe as a
forward collision event might be. Women were seen to achieve lower minimum speeds
than men. Men spent more time in manual mode than did women. Younger drivers had
a lower SRR and larger SDLP than did the older group. Finally, when drivers experienced
this event in their first drive, they tended to have larger amounts of high-frequency
steering than when they experienced it in their second drive. No other event exposed
differences between the study groups as well as this one did.

We were able to see the development of comfort in a vehicle automation system
over the course of a practice drive and two main drives. As exposure to the system and
its functions increased, so did comfort levels. This, however, is only the beginning stage
of trust, and it most likely conflated with other factors such as an increase in self-
confidence in using the system. A longer process was that of learning about the
capabilities and limitations of the automation, which they did through the five main
study events and the extra events that never required intervention. This learning
process is associated with the proper calibration of trust, and we were able to observe it
in differences between the first and second drives. Drivers were observed to adjust the
amount of time before handing back control to the automation, and they were better
able to manage their lane-keeping ability in the second drive.
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The main limitations of this study were that it used a fairly small sample size (20
participants), and that it was not able to fully explore the different dimensions of trust.
Future research should address both of those limitations. Additionally, the inclusion of
safety-critical events would allow a better judgement of whether the driver has
regained SA and whether the takeover times observed have an adverse effect on safety.
We modeled our driver-vehicle interface (DVI) largely on previous research. However,
there is still much that could be done to test different modalities and timing for DVI
design. Finally, we conjecture that the best DVI would be one that is capable of
monitoring the driver and adapting elements of the DVI, transfers of control, and other
aspects of the automation to the perceived state of the operator.
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